small subset of each family was typed with whole exome sequence (WES). We used a 3-step approach for variant identification. First, we used family-specific parametric linkage analysis of the SNP data to identify regions of interest. Second, we filtered variants in these regions based on frequency and function, obtaining exactly 200 candidates. Third, we compared two approaches to narrowing this list further. We used information from the SNP data to impute exome variant dosages into those without WES. We regressed affected status on variant allele dosage, using pedigree-based kinship matrices to account for relationships. The p value for the test of the null hypothesis that variant allele dosage is unrelated to phenotype was used to indicate strength of evidence supporting the variant. A cutoff of p = 0.05 gave 28 variants. As an alternative third filter, we required Mendelian inheritance in those with WES, resulting in 70 variants. The imputation-and associationbased approach was effective. We identified four strong candidate genes for ASD (SEZ6L, HISPPD1, FEZF1, SAMD11), all of which have been previously implicated in other studies, or have a strong biological argument for their relevance. 
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Background Autism spectrum disorders (ASDs) are a group of behaviorally defined neurodevelopmental disorders. They are characterized by varying degrees of impairment in communication, social interactions, and repetitive behaviors, sometimes accompanied by intellectual disability. As most broadly defined, ASDs affect 1 in 68 children at 8 years of age (CDC 2014) . The care of an individual with an ASD represents a significant economic burden to both the family and society, whether in terms of medical care, special education, supportive living accommodation or loss of parental productivity. The lifetime cost of care for an individual with an ASD without intellectual disability is estimated at US$1.4 million (Buescher et al. 2014) .
ASDs are considered among the most heritable of neuropsychiatric disorders. Evidence includes concordance rates between monozygotic twins of 50-90 % and between siblings of 3-26 % (Berg and Geschwind 2012) , and a risk of ASD to subsequent siblings of children with autism of 18.7 % (Ozonoff et al. 2011) . However, high heritability does not imply a simple genetic explanation. Recent estimates of the number of ASD risk loci range from the hundreds (O'Roak et al. 2012; Sanders et al. 2011) to as high as one thousand (Sanders et al. 2012) . Such extreme heterogeneity means that replication for any particular gene is expected to be rare. Studies of de-novo variation in singleton probands generate large numbers of potential candidate genes (Neale et al. 2012; O'Roak et al. 2012; Sanders et al. 2012) , and in such data sets it is hard to distinguish true risk loci from false positives (Gratten et al. 2013 ). While broad categories of genes can be identified amongst the candidates, relatively few genes have strong statistical evidence for causality based on their frequency in cases and controls (Neale et al. 2012; O'Roak et al. 2012; Sanders et al. 2012) .
One approach to identifying ASD strong candidate genes with more solid support is to consider inherited variation in rare families with more than one member affected with ASD. Four recent studies have used whole exome sequencing (WES) in multiplex families to identify inherited variants that are associated with ASD risk (Chahrour et al. 2012; Cukier et al. 2014; Shi et al. 2013; Toma et al. 2014) . In all cases, variants were filtered according to frequency in population databases, and all four required that variants be predicted to be damaging by various bioinformatics approaches. Furthermore, all groups made assumptions about the mode of inheritance of ASD in their families, in order to further reduce the number of variants under consideration. Two groups (Chahrour et al. 2012; Shi et al. 2013) required that variants in their families must be recessive, in one case because 2 of 8 children were affected (Shi et al. 2013) and in the other because the families were chosen for excess homozygosity (Chahrour et al. 2012) . In these two studies, relatively small numbers of genes were implicated, when any variants survived filtering at all. In studies where dominant inheritance was considered, a group of 10 nuclear families with 2 or 3 affected individuals (Toma et al. 2014 ) and a group of 40 extended families (Cukier et al. 2014 ) with a minimum of two affected cousins were analyzed. Analysis requiring a strictly dominant mode of inheritance, coupled with filtering on population frequency and bioinformatics predictions resulted in identification of 220 and 745 candidate genes, respectively. Such a large number of candidate genes makes it difficult to evaluate the importance of each individual gene and perpetuates issues of multiple testing in further analysis.
We recruited families with a minimum of three affected individuals with ASD or the broader autism phenotype (BAP), including an affected sib pair and at least one affected cousin. We hypothesize that in these families, ASD and BAP are caused by inherited variation, perhaps specific to each family. We obtained SNP genotypes on all available individuals in the families, and WES on a small subset. We first filtered WES variants using family-specific linkage analysis to identify regions of interest. Similar to other groups, we then filtered variants by frequency and predicted function. Third, family-based genotype imputation to infer variant allele dosage in individuals not explicitly typed with WES allowed family-based association testing of variants, using more information than is available on only the directly sequenced subjects. In comparison to the simpler approach of requiring segregation consistent with Mendelian inheritance in individuals with WES, this approach allowed for a marked reduction in the number of prioritized variants and candidate genes within families, thus avoiding the problem of long lists of variants with no clear way to prioritize them. This approach would be useful in other complex disorders where familial forms exist, but there is heterogeneity between families.
Methods

Families
Extended families were identified by adding new subjects to families previously collected as part of the National Institutes of Health Collaborative Programs of Excellence in Autism (Chapman et al. 2011) . The original families all had two or more children with an ASD (Schellenberg et al. 2006) . We collected the Broader Phenotype Autism Symptom Scale (Dawson et al. 2007 ) (BPASS), and focused recruitment efforts on the side of the family where the BPASS social score was inflated, indicating presence of the broader autism phenotype and greater autistic symptomatology in family members. Amongst the families that were extended, we found 7 families with new subjects with ASD in additional sibships. Four individuals did not meet diagnostic threshold criteria on the Autism Diagnostic Observation Schedule (Lord et al. 2012 ) (ADOS) and Autism Diagnostic Interview-Revised (Rutter et al. 2003 ) (ADI-R), but did have elevations on the BPASS indicative of BAP. Phenotype data for the affected individuals are summarized in Online Resource 1. Total family sizes range from 12 to 47 individuals. Each family has a minimum of three individuals affected with ASD or BAP, including the original sibship with two or more affected individuals and one or more affected cousins. Table 1 shows the number and sex of affected individuals in each family, and the number of unaffected individuals without children in each family. AU119 was ascertained through three sibships, all of whom had two or more affected individuals. Connections between the sibships were found in the quality control stage of analysis, and examination of family members identified three more affected individuals in related singleton sibships. Pedigree drawings are not provided, in order to protect the anonymity of participants. All families have European ancestry. This study was approved by the University of Washington Institutional Review Board, and informed consent was obtained from all participants and/ or their parents.
Phenotyping
Diagnostic status was determined through assessment by trained clinicians with expertise in ASD, as described previously (Schellenberg et al. 2006) . Diagnoses of ASD (American Psychiatric Association 2013) were confirmed by administration of the ADOS, ADI-R, and expert clinical judgment using all available information.
Phenotypic characterization of both affected and unaffected participants included assessment of (1) ASD related symptoms, from diagnostic level symptomatology through the broader autism phenotype to normative range of functioning (Family History Interview (Rutter and Folstein 1995) ; SRS (Constantino 2012); Social Competence Questionnaire (Sarason et al. 1985) ; BPASS), (2) cognitive functioning (age appropriate Wechsler test (Wechsler 1981 (Wechsler , 1989 Wechsler 1992) ), (3) social language ability (Communication Checklist, Children's Communication Checklist (Bishop 1998) ), (4) face memory skills (age appropriate Face Memory Subtests from Children's Memory Scales (Cohen 1997) or Wechsler Memory Scales (Wechsler 1997) ), (5) sensory sensitivities/aversions (Sensory Profile (Dunn 1999) ), (6) phonological processing ability (Nonword Repetition from CTOPP (Wagner et al. 1999) ), (7) physical measurements (height, weight, and orbital frontal head circumference), and (8) parent/self report of comorbid medical diagnoses. Additionally, assessment of affected individuals included administration of the Vineland Adaptive Behavior Scales-2nd Edition (Sparrow et al. 2005) to assess adaptive functioning.
Genotyping and sequencing
We obtained Illumina HumanOmniExpress (OE) genotypes on 61 people in 4 families and Illumina HumanCoreExome (CE) genotypes on 69 people in 7 families (see Table 1 ). Of the 7 families, 3 had genotypes for only the CE chip, and 4 had subjects genotyped on both platforms. WES was performed on at least one affected representative of each sibship and a common ancestor of as many affected individuals as possible. Due to cost restrictions and family size, WES in AU119 was restricted to representatives of 4 of 6 (Li and Durbin 2010) and BAM files were generated using SAMtools (Li et al. 2009 ). PCR duplicates were marked using Picard (Picard Tools: a set of java command line tools for manipulating high-throughput sequencing data and formats. http://broadinstitute.github.io/picard/ 2014). After base recalibration, the sequence reads were realigned around indels and mapped. The Genome Analyzer Toolkit (McKenna et al. 2010 ) (GATK) was used for SNP calling.
Exome variants were removed from consideration if there were fewer than 6 reads, if they failed the following sequencing quality metrics: GATK quality score ≤50, quality by depth less than 5, or reference allele proportion in heterozygotes greater than 0.75. Additional filters included homopolymer run (greater than 3 in batch 1 or greater than 4 in batch 2) and strand bias ≥0.10 in batch 2.
Selected exome variants were validated using Sanger sequencing. Primer sets were designed using Primer3 (v 4.0.0). DNA amplification by PCR was carried out in 20 μl reactions in the presence of 200 μM dNTP, 2.5U Hot Start Taq DNA polymerase, 0.5 μM MgCl, 0.01 μg/μL DNA and 0.5 μM of each primer. PCR amplification was performed under the following thermal conditions: 95 °C for 15 min, 35 cycles of 95 °C for 30 s, 57 °C for 30 s and 72 °C for 1 min followed by a 72 °C hold for 10 min using a T100 thermal cycler from BioRad. A 5 μl aliquot of ExoSAP-IT was added to the PCR product and cycled at 37 °C for 45 min followed by enzyme deactivation for 15 min at 80 °C. The ExoSAP-IT treated PCR product was then cycle sequenced using BigDye Terminator v3.1 on a BioRad T100 thermal cycler. The conditions were 95 °C for 5 min and 31 cycles of 95 °C for 10 s, 55 °C for 7 s and 60 °C for 3 min. The 10 μl reaction consisted of 1.5 μl BigDye, 4 pmol primer and 2 μl of 5 M betaine. The samples were analyzed by capillary sequencing on an ABI 3730 DNA analyzer with a 50 cm array. The sequencing results were read manually for mutations using Sequencher program (Gene Codes Corp.).
Statistical analysis
We used a three-step approach, applied to each family in turn, to reduce the set of potentially causal exome variants in each family. First, we performed family-specific parametric linkage analysis in order to identify genomic regions of interest, and removed variants that were not in these regions. Second, in these family-specific regions of interest, we filtered variants on function (removing synonymous and intergenic variants) and by frequency in the 1000 Genomes Project Europeans (1KGP-EUR) (removing variants with allele frequency exceeding 0.05). After this stage, we considered two alternatives to further narrow the lists of variants. First, we used family-based genotype imputation to infer the number of copies of each exome variant present in each of the unaffected individuals in the family. After imputation, we regressed phenotype (affected/unaffected) on the variant allele dosage, using the pedigree-based kinship matrix to account for the relationships between individuals. The nominal p value for the test of the null hypothesis that variant allele dosage is unrelated to phenotype was then used as an indicator of strength of evidence supporting the variant as an ASD susceptibility allele, using a cutoff of p = 0.05. As an alternative third filter, we required variants to appear in all individuals with exome sequencing data who were either affected or obligate carriers, assuming a Mendelian dominant mode of inheritance. An overview of this approach is presented in Fig. 1 . The numbers on the filtering steps correspond to the sections below. Note that filters 3a and 3b are applied in parallel to the variants that survive filter 2.
(1) Filtering based on linkage analysis
The first step of variant filtering focused on variants existing in family-specific regions of interest identified by linkage analysis of SNP data. Multipoint linkage analysis requires that a sparser set of SNPs be selected from the available highdensity SNP chips. PBAP (pedigree-based analysis pipeline) is a suite of programs that perform marker selection for an informative linkage panel, pedigree-based quality control, and file manipulation for family-based downstream analyses (Nato et al. 2013) . Details of the parameters we specified for PBAP can be found in the Appendix. A subpanel was generated from the CE chip for use in the three families who were typed with this chip exclusively. Because the other four families have a mixture of individuals typed on both chips, analyses in these families used a subpanel chosen from the set of SNPs that are represented on both the CE and OE chips.
Family-specific linkage analyses were performed using gl_auto from the MORGAN (MORGAN: A package for Markov chain Monte Carlo in genetic analysis (version 3.1.1) http://www.stat.washington.edu/thompson/Genepi/MOR-GAN/Morgan.shtml 2012) package followed by FASTLINK (O'Connell and Weeks 1995) . Details of this approach can be found in the Appendix. A dominant model is appropriate in these families because there are pairs of affected individuals more distantly related than siblings in each, and therefore a recessive model is not adequate to explain all cases. Reduced penetrance is required because under the dominant model, a parent of each affected must be a carrier of the causal variant, and their phenotype is mild enough for them to reproduce. We assumed a risk allele frequency of 1 %, penetrance of 50 %, and a high phenocopy rate (1 % in non-carriers). Individuals with ASD or BAP were coded as affected, and all others were coded as unaffected, unless they were deceased, in which case they were coded as having unknown phenotype. The regions of interest for further consideration of variants were defined by lod scores ≥1 or ≥0.75 in families where lod scores did not reach 1. These cutoffs were chosen to include the most prominent lod score in each family, without implicating an overly large number of regions. Because these families are so well genotyped, the boundaries of the regions of interest were generally clearly defined by a substantial drop in lod score. We restricted attention to exome variants in the regions of interest so defined, and required a variant to be present in a minimum of two affected individuals, thereby potentially segregating in the family.
(2) Filtering on frequency and function
In the second step, we filtered on frequency and function. We used variant allele frequencies from the 1KGP-EUR samples, and restricted our attention to variants whose frequency was ≤0.05, in order to allow for the involvement of more common variants in ASD susceptibility. We removed variants predicted to be synonymous or intergenic by both dbSNP137 and GVS as reported by SeattleSeq 137, a resource provided by NHLBI (Ng et al. 2009 ).
(3a) Filtering on results of imputation and association testing
These families all have subjects for whom exome data were not available, but for whom SNP chip genotype data were available. We imputed into all subjects without WES data the expected dosage of each exome variant remaining after the second filtering step, using the program GIGI . GIGI uses the inheritance information for the whole family as inferred from the SNP data, in addition to the exome variant genotypes in available individuals, to calculate genotype probabilities and thus the expected dosage of the variant allele in every member of the family. In contrast to populationbased genotype imputation, GIGI does not require a population sample or assumptions about linkage disequilibrium in a matched population. Details of the parameters we used for GIGI can be found in the Appendix.
In each family, for each variant of interest, we compared affected family members to unaffected family members, using the observed dosage (0, 1, or 2) of the variant allele in those individuals with exome data, and the expected dosage (potentially non-integer) of the variant allele imputed by GIGI in those individuals without exome data. We considered only individuals without children, to avoid analyzing both parent and child. We used the function lmekin from the R library kinship to regress phenotype (affected/unaffected) on the variant allele dosage, using the pedigree-based kinship matrix to account for the relationships between individuals. This model assumes a linear effect of dosage on disease risk, and is thus an additive model rather than the dominant one used for the linkage analysis. Because we have already filtered out variants that are more common (greater than 0.05), homozygous variants are almost never seen in this data set, and therefore we would not expect a practical difference between the conclusions of testing based on this additive model and those based on a dominant model. The p value for the test of the null hypothesis that variant allele dosage is unrelated to phenotype was then used as an indicator of strength of evidence supporting the variant as an ASD susceptibility allele. To be considered a candidate variant, we required both that the variant have nominal p value ≤0.05, and that the mean dosage of the variant in the affected individuals be greater than the mean expected dosage in the unaffected individuals. Since we already selected for regions with evidence of linkage, and we required that the variant must be present in at least two affected individuals, we would not expect the p-values obtained to be exact. Similarly, we did not correct for multiple testing, since p values for variants on the same haplotype will be highly correlated or identical. Nonetheless these nominal p values can be used to prioritize long lists of variants.
(3b) Filtering on segregation consistent with a Mendelian dominant model
For comparison purposes, we also took the simpler approach of requiring that variants of interest be present in a pattern consistent with a rare dominant Mendelian locus. More specifically, we required that a variant be present in all individuals who were certainly affected ASD, and also in any available common ancestor, unless exome data were not available on the common ancestor's spouse (since in this case the variant could have been introduced in the spouse).
The thresholds used in the filtering steps described here (lod scores of 1 or 0.75, allele frequency of 0.05, nominal p value of 0.05) are all somewhat arbitrary, but reasonable in the experience of the investigators. The goal is not to produce an exact statistical test for the significance of each variant, but rather to identify a subset of variants for further examination in terms of their biological relevance.
Annotation
Variants were annotated using SeattleSeq 137, a resource provided by NHLBI (Ng et al. 2009 ). SeattleSeq includes a measure of position-specific evolutionary conservation, the Genomic Evolutionary Rate Profiling (GERP) score (Cooper et al. 2005) , and a measure of the impact of amino acid substitution as predicted by PolyPhen-2 class (Adzhubei et al. 2010) . Sorting Intolerant from Tolerant (SIFT) predictions of amino acid substitution effect (Kumar et al. 2009a ) and measures of protein expression in human brain (Uhlen et al. 2010) were obtained directly from the SIFT website (SIFT http://sift.jcvi.org 2014) and Human Protein Atlas (Human Protein Atlas http://proteinatlas.org 2014), respectively.
Results and discussion (1) Filtering based on linkage analysis
We identified between 2 and 10 genomic regions of interest per family (Table 2 and Online Resource 2) using familyspecific linkage analysis of SNP chip data. The total length of regions implicated ranged from 26.1 Mb, in the largest family with a large number of affected and unaffected individuals (AU119), to 140.7 Mb in the smallest family (AU113). In order to pass filtering on linkage regions, variants must be present in 2 or more copies in the family in question, and be in one of the linkage regions implicated in that family. Table 3 , column 1 shows the number of variants in these regions. These counts vary from 185 in the largest family, to 1,610 in the smallest family.
(2) Filtering based on frequency and function
Our frequency filtering required that the alternate allele frequency was ≤0.05 in 1KGP-EUR. In addition, we removed variants that were predicted to be synonymous or intergenic by both dbSNP137 and GVS as reported by SeattleSeq 137. Variant counts per family after application of these filters (Table 3 , column 2) range from 4 in the largest family, to 53 in the smallest family. Five of the seven families have 20 or more variants at this stage of filtering, which motivated the imputation and association analyses. After this stage of filtering, there were no variants or genes that were implicated in more than one family.
(3a) Filtering on results of imputation and association testing
As described in the Methods, we computed the expected dosage of the variant allele in individuals for whom WES was not available. We then regressed phenotype (affected/ unaffected) on the variant allele dosage, testing the hypothesis that phenotype and variant allele dosage are unrelated. Table 3 , column 3a reports the number of variants with a p value ≤0.05. Between 1 and 9 variants per family passed this association-based filtering step. The total across families of 28 variants surviving this step of filtering is a substantial decrease from the 200 variants that were present after the frequency and function filter. The 28 variants remaining after this filter was applied are shown in Table 4 .
(3b) Filtering on segregation consistent with a Mendelian dominant model
An alternative approach, after application of linkage, frequency, and function filters, is to require a segregation pattern consistent with Mendelian transmission in affected individuals and their ancestors. The variant counts after applying this filter are shown in Table 3 , column 3b, and range from 1 variant to 23 per family, with a total of 70 across all families. This is more than the double the number of variants that remained after filtering based on imputation and association analysis.
The Venn diagram at the bottom of Fig. 1 shows the relationship between the variants identified by imputation and association analysis, and those identified by the simple Mendelian filter. The imputation and association analysis variants are a subset of the Mendelian variants, with five exceptions. Three of the exceptions were cases where problems with genotype quality or read depth led to missingness in the WES data. The LGALS1 variant in AU119 did not pass the Mendelian filter because it was present in only two of the five exomed individuals. In the case of the KIA1009 variant in AU599, it was seen in two copies in an affected individual, which is not consistent with a rare dominant. Thus, the imputation and association analysis identifies a subset of the Mendelian variants which have stronger evidence of association with the autism phenotype in these families. Table 4 shows the 28 variants across all families that survived filtering step 3a. The columns show the mean imputed dose over the affected and unaffected individuals in the family and the p value for the association test, in addition to variant allele frequencies in 1KGP-EUR and functional annotation from GVS and dbSNP. The column "pattern" indicates a variant that survived filtering with the alternate filter 3b. In order to validate WES genotypes and confirm the accuracy of imputation, fourteen variants were chosen for Sanger sequencing from these. We chose a subset comprised of one variant per family per chromosome region, and each selected variant was sequenced in all available members of the family in which it appeared. One variant (in OTOP1 in family AU113) was not confirmed as it was likely a misalignment artifact due to an indel in the region. All 13 remaining variants were confirmed, for a total of 219 genotypes. In order to explore the accuracy of our imputation method, we defined as "ambiguous" imputed variant dosages in the range of 0.2-0.8, and 1.2-1.8 (28 of 219 imputed dosages, 12.8 %). Imputed variant dosages less than 0.2, between 0.8 and 1.2, and over 1.8 correspond to variant dosages of 0, 1 and 2, respectively, and are considered unambiguous. Table 5 shows each confirmed exome variant, rates of ambiguity in imputation, accuracy in imputation, and the p value for the association test based on directly sequenced Sanger genotypes. Ambiguity rates were very low for most variants, with the exception of FEZF1 in AU119, DNAH9 in AU113, and SAMD11 in AU071. This is likely the result of poor information in the SNP panel in the vicinity of these variants, since two of these families had other variants with much lower ambiguity. Ambiguities in these variant dosages were resolved by Sanger genotype. In all 191 genotypes where the imputed dosage was unambiguous, the imputed dosage agreed with the Sanger genotype. The only variant for which there is a difference compared to the imputation-based p values shown in Table 5 is for DNAH9 (Sanger p = 0.12, imputation p = 0.01). This difference is due to an unaffected individual in whom the imputed dosage was ambiguous, but the Sanger genotype confirmed the variant was present in one copy. In four families, only one or two variants remain after filtering based on imputation and association testing (see Table 4 ). After filtering in AU119, two variants achieve p ≤ 0.05, but evidence is much stronger for the variant in FEZF1 (FEZ family zinger finger 1). The variant is rare (0.6 % in NHLBI-ESP) and exists in multiple transcript types, including missense and regulatory region variants (Hubbard et al. 2007) . It is predicted by PolyPhen2 to be benign, but occurs at an evolutionarily conserved location (GERP = 3.5). The variant in LGALS1 has a much higher frequency, is in the 5´ UTR region, and is present in many fewer of the affected individuals, so the FEZF1 variant is a more interesting candidate in this family. In AU625, evidence is strongest for a missense variant with 1 % frequency in 1KGP-EUR in the gene HISPPD1, an inositol pyrophosphate molecule that is involved in cell signaling. This variant is predicted by PolyPhen2 to be benign, but occurs at an evolutionarily conserved location (GERP = 3.4). In AU366 evidence is strongest for a missense variant with 1 % frequency in 1KGP-EUR, in the gene SEZ6L (seizure related 6 homolog (mouse) -like). The position of the specific variant in this family is conserved (GERP score = 3.7), and PolyPhen2 predicts that the change to the protein is probably damaging. After filtering in AU071, one variant that is not observed in 1KGP-EUR achieves p ≤ 0.05. The variant in the gene SAMD11 (sterile alpha motif domain containing 11) did not present the Mendelian segregation pattern in WES because of missing genotypes (due to low read depth) in two affected individuals. Sanger sequencing confirmed the absence of the variant in the unaffected individuals and its presence in all affected individuals. While the variant itself is not predicted to be deleterious, it is very rare (0.03 % in NHLBI-ESP). In the other three families, variant lists were reduced compared to the simpler Mendelian filter, but we were still left with a number of variants and no clear way to choose the one most likely to be causative. Variants in 9, 6, and 5 genes were left in families AU754, AU599 and AU113, respectively (see Table 4 ).
Validation of WES genotypes and imputation accuracy
Conclusions
Filtering of WES variants by linkage analysis, frequency and function, and family-based imputation and association testing was an effective tool for prioritizing exome variants. In seven families, exome sequencing followed by linkage analysis and bioinformatics filtering based on frequency and function identified 200 candidate variants (between 4 and 53 per family). When we applied filtering based on a Mendelian pattern of inheritance this candidate list was narrowed to 70 variants (between 1 and 23 per family). An alternate filter, imputing exome variants and performing association testing, resulted in further reduction of number of candidate variants in such families to 28 variants (between 1 and 9 per family). The evidence using this filtering approach is stronger than in studies where the simpler Mendelian filter is used, because it incorporates information from unaffected individuals. This process provided four strong candidate genes for ASD in extended families, all of which have either been previously implicated in other studies, or have a strong biological argument for their relevance. SEZ6L is an exceptionally strong candidate gene. It is a member of the SEZ6 family of proteins with cell adhesion properties, and shares high protein similarity with SEZ6 and SEZ6L2. SEZ6L2 was identified as an ASD candidate gene based on both an association study of genes in the 16p11.2 region (Kumar et al. 2009b) , where duplications and deletions are known to be associated with ASD, and in large-scale genomic analyses (Glessner et al. 2009; Marshall et al. 2008 ). However, a later study did not detect enrichment of non-synonymous variation in SEZ6L2 in ASD compared with controls (Konyukh et al. 2011) . The members of the SEZ6 gene family affect excitatory synaptic transmission and are important for the achievement of balance between elongation and branching during dendritic arborization in mice (Anderson et al. 2012; Gunnersen et al. 2009 ). In addition, SEZ6 null mice, although not specifically tested for ASD associated phenotypes, demonstrate abnormalities in motor coordination (Rota-Rod testing), behave differently under novel potentially threatening conditions (Elevated Plus Maze) and might have long-term memory deficits (Morris Water Maze) (Gunnersen et al. 2007) . mRNA transcripts of SEZ6L are observed in the human cerebral cortex, and variants in this gene have been associated with bipolar disorder (Xu et al. 2013 ). Interestingly, SEZ6 was originally identified as an upregulated gene following chemically induced seizures (ShimizuNishikawa et al. 1995) . Seizures are often comorbid with ASD (Spence and Schneider 2009) . Mutations in SEZ6, in particular a recurrent frame-shift mutation, were reported to be associated with febrile seizures in a Chinese population (Yu et al. 2007 ), but this finding was not replicated in a Caucasian one (Mulley et al. 2011) .
Our implication of HISPPD1 is particularly exciting, because a variant within this gene was observed to segregate with ASD in another multiplex family (Cukier et al. 2014) . The extreme heterogeneity of ASD makes such a replication very unlikely to occur by chance. HISPPD1 codes for an inositol pyrophosphate molecule, a class of cell signaling molecules that have roles in cellular migration and differentiation, both important to brain development. Differential alternative splicing of this gene, which is expressed in many tissues including the brain, has been observed between subgroups of individuals with ASD based on total cranial volume (Stamova et al. 2013) .
FEZF1 is interesting because it resides in one of the first regions linked to ASD, in addition to being biologically plausible. It is located in AUTS1, a region originally implicated in several linkage studies (IMGSAC 2001; Schellenberg et al. 2006) , including one which used a smaller, earlier version of the AU119 family. Case-control analysis of SNP variation in the IMGSAC families further implicated FEZF1 and other genes in the region (Maestrini et al. 2010) . Additionally, FEZF1 is involved in patterning of the diencephalon (Shimizu and Hibi 2009) in mice. The diencephalon is a component of the neural tube that gives rise to the thalamus, a region of the brain which is thought to be affected in ASD (Nair et al. 2013) . ENCODE (Rosenbloom et al. 2013) annotation in the UCSC Genome Browser (Kent et al. 2002) indicates the variant observed in AU119 is located within a DNaseI hypersensitivity cluster and transcription factor binding site in multiple relevant cell lines. We have positional, functional, and statistical evidence supporting this gene as a candidate for ASD risk.
Finally, SAMD11 is a gene whose function is not well understood in humans, but it is evolutionarily conserved from zebrafish to humans (Jin et al. 2013 ). The Gene Ontology (Ashburner et al. 2000) term for SAMD11 includes the negative regulation of transcription from RNA polymerase II promoters. ENCODE annotation in the UCSC Genome Browser provides evidence that the variant identified in AU071 sits on a DNaseI hypersensitivity cluster and transcription factor binding site in multiple relevant cell lines. In mice, it is expressed in retinal photoreceptors and in the adult pineal gland. In humans, SAMD11 is expressed in neuronal cells in the cerebral cortex and Purkinje cells in the cerebellum, in addition to numerous other tissues. The cerebellum is thought to be important in language, executive function, and regulation of affect (Becker and Stoodley 2013) , processes that are abnormal in ASD. Altered anatomy of the cerebellum is also seen in ASD (Fatemi et al. 2012) .
In addition to the four candidate genes described above, this work yields three important lessons about the analysis of exome variants in family-based samples for a complex trait. First, it is important to sample both affected and unaffected individuals whenever possible, because this allows for variant prioritization based on a comparison of variants dosages in affected and unaffected individuals from the same family. The importance of unaffected individuals should not be a surprise, given the well-known value of unaffected individuals in parametric linkage analysis (Wijsman 2012). Extending our pedigrees through careful recruitment and the inclusion of unaffected subjects allowed us to dramatically reduce the number of candidate variants per family. Second, exome variant dosages need not be directly observed in all individuals. In our families, we obtained WES on one or more members of each sibship, and whenever possible, on a common ancestor of all affected individuals. Software is also available to help select optimal subjects for sequencing, with the goal of maximal imputation (Cheung et al. 2014) . Using both these data and SNP chip data on most of the family, we reliably imputed variant dosages in individuals who were not directly sequenced. As WES is on the order of 5-7 times the cost of SNP chip typing, this is a cost-effective approach to obtaining variant dosages. Additionally, imputation can be used when DNA is unavailable or is in short supply, and avoids the problem of batch effects that can occur when individuals are sequenced at different times (Derkach et al. 2014) . Finally, when unaffected individuals are sampled and either imputed or directly observed variant dosages are available, within-family association testing (using a model that accounts for family relationships) is useful to prioritize variants and genes for further study, and can increase the information gleaned from the pedigree over analysis of only the sequenced subjects (Saad and Wijsman 2014). The p value from the association test for each variant can be used as a measure of strength of support for that variant as an ASD susceptibility allele in that family. One may take a qualitative approach and consider only variants that have a p value below a preset cutoff, or one can take a "top N" approach, where the N variants with the lowest p value are prioritized for continued investigation. Either method is an improvement on the simpler approach of following up all variants that segregate in affected individuals in a manner consistent with Mendelian inheritance. This is especially important for complex traits where heterogeneity can be expected and some affected individuals may not share the variant of interest.
The family-based approach described here results in relatively few candidate genes, but the statistical and biological evidence behind each is strong. In contrast, WES studies using samples of unrelated affected individuals generate long lists of potential candidate genes [e.g. (Neale et al. 2012; O'Roak et al. 2012; Sanders et al. 2012) ], with little ability to discriminate between causal and incidental variation (Gratten et al. 2013) . Samples of unrelated affected individuals are often easier to collect than large families, but the lack of inheritance information means that WES must be generated on all individuals, leading to high costs. The choice of the best design to use will depend on the exact characteristics of phenotype in question, but this family-based approach should be useful in other complex disorders where familial forms exist (and large families can be ascertained), but there is extreme heterogeneity between families.
Marker selection for linkage analysis
We used the marker subpanels program of the PBAP suite (Nato et al. 2013) , with the following parameters: minimum intermarker distance 0.5 cM, marker completion threshold 80 %, minor allele frequency >20 %, maximum linkage disequilibrium (r 2 ) between markers 0.04. We used allele frequencies and linkage disequilibrium estimates from the 1KGP-EUR population, and maps based on the sex-averaged Rutgers map (Matise et al. 2007 ). Map locations were converted from those based on the Kosambi map function in the Rutgers map to those based on the Haldane map function. This was necessary because of the implicit assumptions in the multipoint analysis imposed by use of the Lander-Green algorithm (Lander and Green 1987) .
Linkage analysis
Our approach to linkage analysis in these families was to use sampled inheritance vectors (IVs) as a basis for analysis. The set of IVs at a particular genomic position represents possible paths of descent of the chromosomes at that position through the pedigree. The sampled IVs are drawn from the posterior distribution of IVs, conditional on marker information, family structure and genetic map, at each marker location along each chromosome. For the smallest pedigree, we sampled IVs from the exact posterior distribution, and for the larger pedigrees we used Markov chain Monte Carlo (MCMC) sampling. Using the sampled IVs as a basis for analysis enabled us to perform chromosome wide multipoint pedigree-based linkage analysis, even in our larger families. The same samples of IVs were also used for genotype imputation from the sequence data.
Linkage analysis from the IVs followed three steps. First, we sampled IVs for each chromosome and family combination using the program gl_auto from the MOR-GAN (MORGAN: A package for Markov chain Monte Carlo in genetic analysis (version 3.1.1) http://www.stat. washington.edu/thompson/Genepi/MORGAN/Morgan. shtml 2012) package, saving 1,000 IV samples for analysis. For MCMC sampling, 50,000 scans were performed with each run using sequential imputation for setup, and the LMM sampler with 50 % L-sampler. We used allele frequencies based on each dataset, except in the families typed with CE alone, where we used the 1KGP-EUR frequencies. These families are generally well genotyped, and therefore we do not expect the results to be sensitive to the source of allele frequencies (Huang et al. 2004 ). Second, we identified equivalence classes among the sampled IVs at each marker, using the program IBDgraph (IBDgraph 2.0: another C-library add-on for MORGAN 3 http://www.stat.
3
washington.edu/thompson/Genepi/pangaea.shtml 2010). Identifying equivalence classes allows computations to be performed on one representative of each class, rather than on all 1,000 samples. Finally, we performed linkage analyses using FASTLINK (O'Connell and Weeks 1995) for one representative of each equivalence class, and calculated likelihoods by a weighted average over equivalence classes, where the weights are the sampled probabilities of the classes. Since these analyses were done, the MOR-GAN program gl_lods has been released (MORGAN: A package for Markov chain Monte Carlo in genetic analysis (version 3.2) http://www.stat.washington.edu/thompson/ Genepi/MORGAN/Morgan.shtml 2013), which carries out the analyses directly from the output of gl_auto. In future, it will not be necessary to use FASTLINK for this type of analysis.
Imputation of exome variant dosages
GIGI uses the IVs generated by gl_auto for the entire family based on the SNP genotypes, in addition to exome variant genotypes in available individuals, to calculate the expected dosage of the variant allele in each person in the family. The frequencies of the alternate alleles were taken from the 1KGP-EUR population, unless the allele was absent from that dataset, in which case it was set to 0.01. Sex-averaged map positions were converted to positions based on the Haldane map function, as described above. In cases where variants did not appear in the Rutgers map, map position was interpolated based on physical position. Table 6 shows the results of imputation and subsequent association tests for family AU071, as an example. AU071 is interesting because we imputed variant dosages in multiple unaffected individuals, and there are examples of the imputed dosage being very clear, as well as examples where the dosage was more ambiguous. Variant allele dosages are italicized if they are based on imputation, and not if they are directly observed. The table lists the 18 variants that pass the filters based on linkage analysis, frequency Table 6 for each of the seven families studied.
Example of imputation and association results
